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Synthesized Classifiers for
Zeroshot Learning
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The Long Taill Phenomena
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The Long Taill Phenomena

Problem for the tall
How to train a good classifier when
few labeled examplesare available?

Extreme case
How to train a good classifier when
no labeled exampleare available?

Zeroshot Learning



Zeroshot Learning

A Twotypes of classes
ASeen:  with labeled examples
A Unseen without examples

Unseen

Figures from Derek 2 A Sshu@si



Zeroshot Learning: Challenges

AHowto relate seen and unseen classes?

AHow to attain discriminative
performance on the unseen classes?



Zeroshot Learning: Challenges

AHowto relate seen and unseen classes?

Semantic informationthat describes each
object, including unseen ones

AHow to attain discriminative
performance on the unseen classes?




Semantic Embeddings
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Zeroshot Learning: Challenges

AHowto relate seen and unseen classes?

Semanticembeddings (attributes word
vectors, etc.)

AHow to attain discriminative
performance on the unseen clas8es



Zeroshot Learning: Challenges

AHowto relate seen and unseen classes?

Semanticembeddingg(attributes, word
vectors, etc.)

AHow to attain discriminative
performance on the unseen clas8es

Zeroshot learning algorithms



Zeroshot Learning

SeenObjects UnseenObject
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Has Stripes Has Four Legs Brown Has Stripes (like cat)
Has Ears  Has Mane Muscular Has Mane (like horse)
Has Eyes Has Tall Has Snout Has Snout (like dog)

How to effectivelyconstruct

a modelfor zebra?
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Our Approach: Manifold Learning
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Semantic space
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Our Approach: Manifold Learning

cat (a, wW,)

penguin (g, w,)
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Our Approach: Manifold Learning

Main ldea
Align the two manifolds
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Our Approach: Manifold Learning

fwecanalignl KS (62 YIyAT2f RaXx

We can constructclassifiersfor ANYclasses according tc
their semantic information.
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Our Approach: Manifold Learning

fwecanalignl KS (62 YIyAT2f RaXx

We can constructclassifiersfor ANYclasses according tc
their semantic information.
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Aligning Manifolds
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Aligning Manifolds

not corresponding to any objects in the real world
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Aligning Manifolds

b, (semantic) andv, (model)
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Aligning Manifolds
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Aligning Manifolds

View this as the of
the semantic weighted graph
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Aligning Manifolds
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Aligning Manifolds
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